ABSTRACT Uncertainty analyses have been considered critical analysis methods for identifying the risks in reliability evaluations. However, with multi-phase, multi-state, and repairable features, this method cannot effectively and precisely display the reliability evaluation results with uncertainty for dynamic and complex systems. In this paper, uncertainty analysis has been conducted in the evaluation of safety-related risk analysis for a nuclear power plant (NPP). A GO-FLOW and dynamic Bayesian network (DBN) combination approach for the reliability evaluation with uncertainty is proposed in this paper. Based on the unified rules, the various operators can be mapped into the DBN even with the multi-phase, multi-state, and repairable characteristics. As the framework of the DBN, utilizing sensitivity analysis, this approach can provide information on those inputs that are contributing the most to the uncertainty. Next, the DBN algorithm and the Monte Carlo simulation are used to quantify the uncertainty in terms of appropriate estimates for the analysis results. Finally, the auxiliary power supply system of the pressurized water reactor in the NPP is analyzed as an example to illustrate the approach. The results of this paper show that uncertainty analysis makes the reliability evaluation more accurate compared with the results without the uncertainty analysis. Moreover, the GO-FLOW methodology can be applied easily for uncertainty analysis with its modified functions and algorithms.
However, most of the approaches mentioned above utilize the certain probability of components for the reliability evaluation and obtain a certain probability data for estimating the safety and reliability of the system. The uncertainty of the data is not taken into consideration by the approaches themselves, and the uncertainty may make the calculation error inevitable for the system evaluation of a NPP.
Some researchers improved the traditional approaches to support uncertainty analysis for reliability evaluations. Elmore et al. [28] developed a method to estimate uncertainties for gridded bathymetry models based on the Bayesian Network and Monte Carlo simulation combined. Cheng et al. [29] provided a framework for using system and control techniques to analyze and manipulate Boolean networks [30] . And Imani et al. [31] , [32] proposed a stochastic model based on the Boolean models, in order to cope with the uncertainty in state transition due to system noise and the effect of un-modeled variables.
Matsuoka and Kobayashi [33] and Hashim et al. [34] both studied uncertainty analysis utilizing the GO-FLOW methodology. Matsuoka and Kobayashi [33] proposed a method to treat Common Cause Failures (CCFs) in the GO-FLOW methodology, and the procedure of CCF analysis together with uncertainty were conducted simultaneously for the reliability evaluation. Moreover, Hashim et al. [34] utilized sensitivity analysis to distinguish the critical components and then quantified the uncertainty in terms of the appropriate estimates for analysis results.
However, the approaches above have the following disadvantages: (i) BN is a non-intuitive modeling method, and it is unavailable for engineers to model and analyze; (ii) the approach in [33] and [34] must be calculated for each time interval, and the uncertainty also requires additional consideration; (iii) the GO-FLOW algorithm is extremely intricate when various features (multi-state, multi-phase, uncertainty [35] , repairable) are included in the process of analysis, and it may cause the traditional analytical algorithm to be incalculable.
To address these restrictions, some pertinent improvements should be obtained when the GO-FLOW methodology is applied in the reliability evaluation of the NPP to make the analysis effective and accurate. In this article, a GO-FLOW and Dynamic Bayesian Network combination approach for reliability evaluation with uncertainty [36] for a Nuclear Power Plant is proposed. With the Dynamic Bayesian Network (DBN) integrated [37] , a modified algorithm of various GO-FLOW operators is proposed. Unifying the multi-phase and repairable operators, a universal algorithm is proposed by integrating the DBN and GO-FLOW methodology. Based on the unified rules, the various operators can be mapped onto the DBN even with the multi-phase, multistate and repairable characteristics. As the framework of the DBN, utilizing sensitivity analysis, this approach can provide information on those inputs that are contributing most to the uncertainty. Next, the DBN algorithm and Monte Carlo simulation are used to quantify the uncertainty in terms of 7178 VOLUME 6, 2018 appropriate estimates for the analysis results. Finally, the Auxiliary Power Supply System (APSS) of the Pressurized Water Reactor (PWR) in the NPP is analyzed as an example to illustrate the approach by simultaneously considering (i) multi-states and phased-mission situations; (ii) the repairability of the system; (iii) the uncertainty of the failure rate and repair rate data (iv) the efficiency and applicability of the approach.
The remainder of this paper is organized as follows. The mapping rules for GO-FLOW operators into DBN are described in Section 2. In Section 3, a brief description of the NPP-PWR-APSS system is conducted. Next, the sensitivity analysis of the system is proposed using the DBN. Then, the quantitative results with the uncertainty of the system are obtained and discussed in Section 4. Finally, the conclusions are presented in Section 5.
II. RELIABILITY EVALUATION WITH GO-FLOW METHODOLOGY

A. THE INTEGRATED FRAMEWORK OF APPROACH
GO-FLOW, a success-oriented system analysis technique, can evaluate the reliability and availability of dynamic systems with phased-mission. The GO-FLOW method defines fourteen types of normative operators, which are used to model the function or failure of the physical equipment and to represent the logical relations and signal equipment. Meanwhile, a finite number of discrete time values (points) are required to express the system's operational sequence. Moreover, the dynamic relations are attached to the operators and signal lines that are one-to-one correspondences between the practical physical system and the operators of the GO-FLOW methodology [38] , [39] . The procedure for treating the uncertainty analysis by GO-FLOW methodology with multi-phase and repairable components is given by the following steps and the flow diagram is shown in Fig. 1 . It is based on the DBN, which is a useful tool for evaluating the effects of different designs on the system performance.
Step 1: Construct the GO-FLOW chart according to the schematic of the system for the analysis of the target safety system.
Step 2: Assign the failure/repair rates or the failure probabilities to the components with multi-phase based on their function and failure mechanism.
Step 3: Map the GO-FLOW model into the DBN model with the unified mapping rules without taking the uncertainty into consideration.
Step 4: Select the important parameters by sensitivity analysis from the DBN chart.
Step 5: Assume the appropriate distribution of failure/repair rates to the important parameters and components.
Step 6: Recalculate the unavailability of the system with uncertainty based on the DBN model.
Step 7: Obtain the updated analysis results.
B. THE MAPPING ALGORITHM OF THE REPAIRABLE COMPONENTS BASED ON GO-FLOW AND DBN
In general, the operators in GO-FLOW usually do not take the maintenance case into account. However, according to the repairable Auxiliary Power Supply System of the NPP, the operators should first be improved to adapt the modification of the GO-FLOW methodology.
We define λ and µ as the failure rate and repair rate of the component, respectively [40] . The set of states is denoted by {ζ 1 , ζ 2 , . . . , ζ R }; ζ 1 represents the success state, ζ R represents the failure state, and the other variables represent the degradation states. The mission-phase set is denoted by As shown in Fig. 2, {T 1 , T 2 , . . . , T M } are the time sequences of the system, and T t 2 and T t+ t 2 represent the interval that is defined in mission-phase 2 . We assume that the following:
(i) the operators are defined to be at or out of work based on the requirement of the system operation for each mission-phase; (ii) the states of the operators can switch because of the maintenance (success to failure/failure to success). In the following sections, the time points are also applied to describe the state of operators with the mapping rules from the GO-FLOW methodology to DBN [26] .
1) MAPPING ALGORITHM OF THE LOGICAL OPERATOR
In the GO-FLOW methodology, the ''OR'' gate, ''NOT'' gate and ''AND'' gate are denoted by type 22, 23, and 30 operators, respectively. (iii) The probability of an output signal is the sum of the probabilities for all the input signals, as shown in (1) .
where N is the quantity of input signals, S j (t) is the probability of the jth input signal at time t, and R(t) is the probability of the output signal. ''AND'' gate: (i) The ''AND'' gate has multi input signals and only one single output signal.
(ii) If all the input signals exist, the output signal would exist. (iii) The probability of the output signal is the intersection of the probabilities for all input signals, as shown in (2) .
''NOT'' gate: (i) The ''NOT'' gate has only one input signal and one single output signal. (ii) The output signal is opposite to the input signal, and the probability is shown in (3). }. Assuming that there are two arbitrary time points in mission-phase i , and the signals can be at any of the states both at time t and t + t. The status of all the input signals at time t compose the initial network of the DBN, and the status at (t + t) composes the transition network during the time t. We focus on the state of output signal E at time (t + t). Assume that the output E has i states, denoted by {ζ 1
. According to the definition above, the marginal probabilities of an input signal at time t and (t + t), are shown in Table 2 and Table 3 . Assume that the failure rate and repair rate obeys exponential distributions, and the matrix of failure rate is shown as (4):
where λ Hence, the probability of S N at t + t can be described as follows: 
Based on the logic of the ''OR'' gate, the failure state (ζ i E ) can be described as follows:
2) MAPPING RULES OF THE SIGNAL OPERATOR
In the GO-FLOW methodology, type 25 represents the most common signal operator, which usually simulates the source of water, power supply and other signals. This operator is used to control the timing of component action, and the intensity of the output signal represents the probability that a signal will be generated at a time point. The model of the Signal Generator is shown in Fig. 4 . According to the definition of the signal operator, the marginal probabilities of an output signal at time t and (t + t) are shown in Table 4 and Table 5 . The success state probability at t + t can be calculated by the following formula:
3) MAPPING RULES OF THE FUNCTION OPERATOR a: TYPE 21-TWO STATES COMPONENT
The Type-21 operator describes a ''good/bad'' component, namely, success and failure states, which has one input and one output signal line. The output signal will be present when the input signal is present and the operator is in a good state. Hence, the intensity of the output signal is obtained by where P C is the success probability of the operator, S(t) is the success probability of the input signal at time t, and R(t) is the probability of the output signal at time t. The type-21 operator and its corresponding DBN are shown in Fig. 5 . From the definition above, S is the input signal of the operator, C represents the operator itself (1-success, 2-failure), and R is the output signal. Based on the assumption mentioned above, the marginal probabilities and the rules of type-21 operator are shown in Tables 6-8 .
Based on the definition of a ''two states'' (Type 21) operator, the output signal R is in the success state when the input VOLUME 6, 2018 signal and operator itself are both at state ζ 1 . Based on the rules, the probability of a success state can be calculated using the formula below: (13) In (13),
S(t+ t) represents the situation of repair. It makes the reliability evaluation more accurate than the previous research.
b: TYPE 26-NORMALLY CLOSED VALVE
The Type 26 operator usually represents a closed item that can be opened by the signal, such as an electric valve, normally open contact, and so on. With one maintained input signal and one sub-input signal, the type 26 operator has two states (1-success, 2-failure).
However, the type 26 operator is closely related to its adjacent previous time point, which is denoted by C (t). In addition, C (t) has two states (1-advanced, 2-nonadvanced), and the ''advanced'' state means that before the input signal arrives, the component has begun to work. The probability intensity of the output signal is calculated by the traditional equation below [43] :
where R(t) is the success probability of the output signal; S(t) is the success probability of the maintain input; P(t) is the success probability of the sub-input; O(t) is the probability of being in the success state at the moment t; t is the previous time point before time t; t 1 is the initial time point; P C is the probability of success of the operator. According to the definition of the ''Normally closed valve'' operator, the logic is shown in Table 9 , and operator 26 and its corresponding DBN are shown in Fig. 6 . As shown in Fig. 6 , the dotted line represents the feedback of O(t). After the data at time t are calculated, the data of C(t ) would be replaced by the data of O(t). From the logic of the type 26 operator, the marginal probability tables with maintenance are shown in Table 10-Table 12 .
Based on the mapping rules, the success state probability of O(t + t) and R(t + t) can be calculated using the following formula:
c: TYPE 35-FAILURE OF A LIGHT BULB
A type 35 operator usually represents the component whose failure probability inflates as time evolves, such as with a luminous lightbulb. It has one main input, several sub-inputs and one output signal line. In addition, the sub-input signals actually plays the role of the pulse timer. Between the pulses, the reliability of the component gradually decreases. Assuming that λ and µ represent the failure and maintenance rate of the operator and they obey exponential distribution, then λ and µ are constant, and the GO-FLOW model and its DBN model are shown in Fig. 7 . In Fig. 7 , R(t + t) is the output signal intensity of the operator, S(t) is the maintain input signal of the operator, and C(t) represents the operator itself. According to the definition above, C(t) would decrease over time. Hence, the C(t + t) could be described as follows:
The marginal probability table of S(t) with maintenance are shown in Table 13 and the logic of the type-35 operator is shown in Table 14 . From the type 35 operator definition, the output signal R is in the success state when the input signal and operator itself are both at state ζ 1 . Based on the mapping rules, the success state probability can be calculated using the following formula: ( 
18)
III. UNCERTAINTY ANALYSIS OF AUXILIARY POWER SUPPLY SYSTEM OF NPP
In this section, a model of the Auxiliary Power Supply System (APSS) of the Pressurized Water Reactor (PWR) in the NPP is established using the GO-FLOW methodology [34] . With the sensitivity analysis, the uncertainty analysis of NPP-PWR-APSS is taken into consideration using the DBN. Meanwhile, the process of analysis and calculation is proposed in the following section.
A. DESCRIPTION OF THE NPP-PWR-APSS SYSTEM
The APSS is used to cool the PWR system. When the cooling water in the condensate storage tank is gradually reduced, replenishment of the cooling water is required. Under these circumstances, waste heat is transferred through the steam engine. Meanwhile, the pressure of the reactor is also reduced, and the definition of reliability is the ability of the system to implement its safety function under the prevailing accidental conditions when required. The structure of the NPP-PWR-APSS system is shown in Fig. 8 . A brief description of APSS is given as follows [44] , [45] . There are three pumps in the system. Two of the pumps are the same: MDP electric pumps (driven by the motors a and b). The other pump is a steam turbine pump (TDP) (driven by turbine). The three pumps draw water from a shared Supply Tank (ST) and then provide the water to the four steam electric generators (SG1-SG4). Four normally closed valves (MOV1-MOV4) are installed at the exit of the pumps. Each MDP can provide the water to two specified steam electric generators via the open valve. However, depending on the number of the open valve, the TDP can supply water to up to four steam electric generators. Five detection valves (CV1-CV5) are applied for detecting the state of the pumps and steam electric generators.
First, the electric pumps (MDP-a, MDP-b) are the earliest components to work when the system receives the working signal. After 12 hours, the TDP begins to work for the next 12 hours when it receives another working signal. We define the condition of success for the system is to maintain proper functioning after 24 hours.
To create the proper GO-FLOW model, we would map the suitable operators for each physical component based on its VOLUME 6, 2018 function and then build the inputs and outputs depending on the relationships between the operators grasping the operating principle and the process. The GO-FLOW modeling is shown in Fig. 9 .
The time duration for the function of the NPP-PWR-APSS system is indicated by operator 25. Signal 1 is an initial signal. MOV1-4 corresponding to operators 25, 26, 27, and 28 are shown by type 26 operators. When signal 2 arrives, the MOV1-4 will be opened.
The request of the system is to provide water for at least two steam generators (namely, at least two of four electric valves are supplied). Therefore, operator ''K out of N'' is used to accomplish the logical relationship at the exit of the system.
Based on the various mission phases, the process of the task is assigned into five time points:
Time The initial data for the operators are given in Table 15 .
B. SENSITIVITY ANALYSIS OF THE NPP-PWR-APSS SYSTEM
Sensitivity analysis (SA) is a technique used to determine the appropriate values to assign to the numerical item in the model and investigates how the variation in the output can be attributed to the variations of its input factors. As it is applied in reliability evaluation, the SA aims to determine how sensitive the reliability is with respect to changes in the input parameters or model assumptions of the system model. Generally, we would contrast the output data with the changes of various input of the operators. If the output is large compared to the change in input, we affirm that the system is more sensitive to the input element. The sensitivity analysis is used to identify what is important to the results, not to replace uncertainty analyses. In this study, sensitivity analysis has been performed by the DBN that is mapped by the GO-FLOW methodology for the calculation to prioritize the important parameters to the dynamic reliability of the NPP-PWR-APSS. By subjecting the network to a sensitivity analysis with respect to its conditional probabilities, the reliability of its output can be investigated. With the approach proposed in this article, the sensitivity analysis can be obtained and the effects on a probability of interest can be investigated simultaneously utilizing the DBN model that is mapped from the GO-FLOW model. According to the DBNs transformation procedure that was mentioned in section II for the GO-FLOW model, the GO-FLOW model is mapped onto DBNs, as shown in Fig. 10 . In the GO-FLOW analysis, 5 time points are defined above, and the failure probability of the system mission is determined, as shown in Fig. 11 . For the sensitivity analysis, the results have been considered at time points 2-5 as the representative cases. Based on the structure of the DBN, the sensitivity of operators in various phases can be shown in Table 16 . We can find that the operators ''ST'' and ''CV-5'' have the greatest sensitivity to the output of the system. However, other operators, such as ''TDP Boot failure'' and ''Turbine Boot failure'', have major contributions in the fourth and fifth time point. Hence, we take the operator ''ST'', ''CV-5'', ''Electric pumps-a Boot failure'', ''Turbine Boot failure'', ''TDP Boot failure'', ''Electric pumps-b Boot failure'', ''Mortor-a Operating failure'', ''Montor-b Operating failure'', ''MDP-a Boot failure'' and ''MDP-b Boot failure'', which contribute the most to the system, as the representative cases. The impacts of the parameter value change for the various phases are shown in Fig. 12 and Fig. 13 .
From the results of the sensitivity analysis, as shown in Fig. 12 and Fig. 13 , there are two lines for the specific operators. The upper line is drawn by the failure value 1.2 times larger than original one, and the lower line is drawn by the failure value 0.8 times smaller than original one. Thus, VOLUME 6, 2018 the sensitivity analysis can be used as a tool for recognizing the significant operators in the system, which have more impact on the reliability assessment calculation. Moreover, with the sensitivity analysis by the DBN and GO-FLOW, the sensitivity of each operator for the multi-phase can be obtained and performed for measuring the effects of completeness uncertainty by including or excluding potentially relevant elements, such as failure modes, and then evaluating if they are significant for the results or not.
IV. RESULTS AND DISCUSSION
A. ANALYSIS AND RESULTS
As mentioned above, the ten operators 5, 6, 7, 8, 14, 9, 10, 12, 13, 15 are selected from the GO-FLOW chart because these operators have relative attributes to the output of system. Input data consist of types of failure distribution and values of distribution parameters for uncertainty analysis. The uncertainty analyses with data for the NPP-PWR-APSS are given in Table 17 . The simulation generates random numbers from the probability distributions. Therefore, it is important to run the model a sufficient number of times to achieve convergence and to obtain stable results. The method used data from the MC simulation to quantify uncertainty in terms of appropriate estimates for the mean and standard deviation plus some informative quantiles (5%, 50% and 95%). A total of 10, 000 iterations were set in the analysis, and the results with failure uncertainty and reparability are shown in Fig. 14. 
B. DISCUSSION
As shown in Fig. 14 , the uncertainty analysis results of the NPP-PWR-APSS system are proposed by the GO-FLOW methodology integrated with the Dynamic Bayesian Network. The results are described by the ''Median by point estimated'' (the initial unreliability), confidence coefficient (5%), and the mean confidence coefficient (95%). By comparing the results by GO-FLOW, the uncertainty analysis is shown to be an important part of practical evaluation of the system dynamic reliability, where the results of system reliability are presented in the form of the mean and informative quantiles (5%, 50% and 95%). The analysis makes the reliability prediction more practical compared with the result without the uncertainty analysis. Moreover, compared with the curve ''unreliability (initial)'' in Fig. 14 , the curve ''Mean (50%)'' is the fittest one to the initial curve, and the mean error is 8.62% according to the various phases.
The results provide valuable risk information to the operators for decision making to ensure the safe operation of the nuclear power plant. This information might be useful for the reliability monitor to evaluate the risk in a NPP. The GO-FLOW methodology can also be employed for uncertainty analysis with its advanced functions.
A measure of individual uncertainty is illustrated by the difference between the median and the 5th percentile or 95th percentile estimates. Lack of data causes statistical uncertainties in the estimated parameters, and the reliability model often uses assumptions to overcome data shortcomings. Differences in plant specific conditions such as the operational environment, maintenance procedures, collection methods and rapidly changing technology may result in data that will not be relevant for the specific system under evaluation. Therefore, the adaptive capacity of the model to the uncertainty is crucial to precisely represent the true physical behavior of system.
The uncertainty related to analysis conditions may be due to the omission of factors, such as failure modes, or the lack of knowledge failure mechanisms, like the exclusion of unknown failure modes. Unknown uncertainties are hard to reduce because they are not visible for the analyst. Additionally, improvement in the analysis results can be achieved through research, data collection and careful manufacturing.
V. CONCLUSION
In this paper, a reliability evaluation approach with uncertainty for a Nuclear Power Plant is conducted with GO-FLOW and the Dynamic Bayesian Network combined. The Auxiliary Power Supply System of a Nuclear Power Plant has been taken as an example of a safety-related system for analysis in this article, and it is proven that the risk of the system can be recognized by the approach proposed in this article.
First, the various GO-FLOW operators with multi-phase and repairable characteristic were mapped into the Dynamic Bayesian Network using unified mapping rules. Based on the mapping rules, each type of operator, signal and relationship in GO-FLOW were aggregated into DBN nodes and utilized to calculate the reliability of the complex system quantitatively.
Then, using the forward and backward inference of the DBN, sensitivity analysis was applied. Utilizing the sensitivity analysis, some useful information was provided, such as that the input uncertainties of the operators contribute the most to the uncertainty of the output reliability of the system. Thus, the identified operators were indicated as the most effective ones to improve the state of knowledge to reduce the uncertainty of the reliability. With the sensitive components and their uncertainty data, the reliability evaluation of the system was obtained quantitatively.
Ultimately, the following scientific contributions are made: (i) the approach enhances the ability of the reliability evaluation of the GO-FLOW methodology. It provides a modified reliability evaluation approach with GO-FLOW and the Dynamic Bayesian Network combined, while considering the characteristics of multi-phase, repairable, and failure rate data uncertainty; (ii) the approach extends the range of the GO-FLOW methodology. With the DBN, the sensitive components can be obtained simultaneously, thus making the reliability evaluation with uncertainty easier during the analysis process.
In addition, the fuzziness of the data, the failure modes, and the failure mechanism can also be considered in the analysis of the reliability evaluation. In addition, with stochastic uncertainty, epistemic uncertainty and fuzzy data features, the parameter learning and structure learning of the Dynamic Bayesian Network need to be considered in the future via the study of the GO-FLOW methodology.
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